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Úvod

Motivace a historie
Anatomie
Modality pro funkčńı zobrazováńı
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frontal lobe

precentral gyrus

central sulcusparietal lobe
superior parietal

lobule

parieto-occipital
sulcus

occipital lobe

cerebellum

temporal lobe

Sylvian fissure

Fig 2.13





Cytoarchitectonic map, BrodmanCytoarchitectonic Cytoarchitectonic map, map, BrodmanBrodman



Mikrostruktura





Zásobováńı mozku krv́ı





Úvod

Motivace a historie
Anatomie
Modality pro funkčńı zobrazováńı
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Jak lokalizovat funkci mozku
(Shrnut́ı a p̌ripomenut́ı)

• Invazivńı
• Následky zraněńı
• Následky operaćı
• Př́ımá stimulace (dnes jen na zv́ı̌ratech)
• Sńımaćı elektrody
• Optické sńımáńı (p̌ri otev̌rené lebce sv́ıt́ıme laserem, optické

vlastnosti se měńı s pr̊utokem krve a s elektrickým polem)

• Neinvazivńı
• MEG, EEG
• fMRI
• PET
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Aplikace funkčńıho mapováńı mozku

• Porozuměńı struktǔre mozku

• Porozuměńı proces̊um vńımáńı a myšleńı
• Nové terapie

• Porozuměńı fyziologickým p̌ŕıčinám duševńıch chorob
• Porozuměńı fyziologickým p̌ŕıčinám bolesti a reakci na bolest
• Porozuměńı účink̊um drog

• Plánováńı operaćı
• Identifikace nefunkčńıho centra
• Omezeńı poškozeńı důležitých center p̌ri chirurgické léčbě

(epilepsie)
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9

Seite 9

Application: (Neuro)functional MRIApplication: (Neuro)functional MRI

VolunteerVolunteer Patient w/ GlioblastomaPatient w/ Glioblastoma

Application: Stroke DiagnosticsApplication: Stroke Diagnostics

MRAMRA T2w SET2w SE ADC mapADC map perfusionperfusion

Application: Lung Cancer DiagnosticsApplication: Lung Cancer Diagnostics Application: AsbestosisApplication: Asbestosis

Application: Relapsing PerichondritisApplication: Relapsing Perichondritis

SequenceSequence

z 2D FLASH
z TR = 4.4 ms
z RecFOV = 6/8
z Matrix = 128x256
z TA/Image = 550 ms

Application: HighApplication: High--Res Lung MR AngiographyRes Lung MR Angiography

CE 3D MRACE 3D MRA

z FLASH 3D

z iPAT: mSENSE, 2

z TR/TE = 3.3/1.3ms

z D�= 50º

z FOV = 440mm

z 512 matrix

z voxel size = 
1.1x0.9x0.9mm3
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Návrh experimentu

(f)MRI — závěr
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BOLD Signal GenerationBOLD Signal GenerationBOLD Signal Generation





Blood Deoxygenation affects T2 RecoveryBlood Deoxygenation affects TBlood Deoxygenation affects T22 RecoveryRecovery

Increasing Blood Oxygenation
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Thulborn et al., 1982



BOLD

• Blood Oxygen Level Dependent

• Gradient echo, EPI (kv̊uli rychlosti)

• Paramagnetické vlastnosti deoxyhemoglobinu −→
nehomogenita pole −→ T ∗2 efekt

• Velmi slabý signál (SNR ≈ 0.1)
• Pr̊uměrováńı:

• Opakujeme nap̌r. 10 blok̊u (sńımáńı) bez aktivity
• . . . 10 blok̊u (sńımáńı) s aktivitou





Hemodynamická odezva
Hemodynamic response

• Nervová aktivita −→ zásobováńı krv́ı −→ BOLD signál

• Reakce neńı okamžitá, impulzńı charakteristika se nazývá
hemodynamická odezva

• Odezva se lǐśı mezi subjekty i v rámci jednoho subjektu



Hemodynamic responseHemodynamic Hemodynamic responseresponse
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Basic Form of Hemodynamic ResponseBasic Form of Hemodynamic ResponseBasic Form of Hemodynamic Response

Baseline

Baseline

Rise

Rise

Peak

Peak

Undershoot

Undershoot

Sustained 
Response

Initial Dip

Initial Dip
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Př́ıklad experimentu

Vyhodnocováńı fMRI dat
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The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
fMRI adaptation of classic PET experimentfMRI adaptation of classic PET experiment

Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation



Jellyfish

The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
fMRI adaptation of classic PET experimentfMRI adaptation of classic PET experiment

Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

Noun is presented

Catch

Verb is generated



Burger

The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
fMRI adaptation of classic PET experimentfMRI adaptation of classic PET experiment

Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

Noun is presented

Fry

Verb is generated



Swim

The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
fMRI adaptation of classic PET experimentfMRI adaptation of classic PET experiment

Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

� 2nd Condition: Word Shadowing

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

�� 2nd Condition: Word Shadowing2nd Condition: Word Shadowing

Verb is presented

Swim

Verb is repeated



Strut

The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
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Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

� 2nd Condition: Word Shadowing

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

�� 2nd Condition: Word Shadowing2nd Condition: Word Shadowing

Verb is presented

Strut

Verb is repeated
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Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

� 2nd Condition: Word Shadowing

� 3rd Condition: Baseline

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

�� 2nd Condition: Word Shadowing2nd Condition: Word Shadowing

�� 3rd Condition: Baseline3rd Condition: Baseline

Hair-cross is shown
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The Experiment:
fMRI adaptation of classic PET experiment

The Experiment:The Experiment:
fMRI adaptation of classic PET experimentfMRI adaptation of classic PET experiment

Scanner

Bed

Healthy 

Volunteer

Screen

� Three Conditions in 21 second epochs

� 1st Conditon: Word Generation

� 2nd Condition: Word Shadowing

� 3rd Condition: Baseline

�� Three Conditions in 21 second epochsThree Conditions in 21 second epochs

�� 1st Conditon: Word Generation1st Conditon: Word Generation

�� 2nd Condition: Word Shadowing2nd Condition: Word Shadowing

�� 3rd Condition: Baseline3rd Condition: Baseline

Hair-cross is shown
z
z
z

z z z
z
z
z
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The Data:

Set of Volumes or Set of Time-series

The Data:The Data:

Set of Volumes Set of Volumes oror Set of TimeSet of Time--seriesseries

Volunteer

Tim
e

Serial Snapshots 

of Volunteers 

brain

Generation 

Shadowing 

Baseline

Time



Time

� A model consists of a set of assumptions of the type:

� and

�� A A modelmodel consists of a set of assumptions of the type:consists of a set of assumptions of the type:

�� andand

The Model:

A Set of Hypothetical Time-series

The Model:The Model:

A Set of Hypothetical TimeA Set of Hypothetical Time--seriesseries

Generation Shadowing Baseline

�I think a voxel that is into generating 

words might have a time-series 

looking like this�

�A voxel that is into 

repeating, like this�
and

�A voxel that just 

doesn�t care, like this�



realignment &

coregistration smoothing

normalisation

Corrected p-values

images Adjusted dataDesign

matrix

Anatomical 

Reference

Spatial filter

Random Field 

Theory

Your question:

a contrast

Statistical Map

Uncorrected p-values

General Linear Model 
Linear fit

Â statistical image
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Signal-Noise-Ratio (SNR)SignalSignal--NoiseNoise--Ratio (SNR)Ratio (SNR)

Task-Related 
Variability

Non-task-related 
Variability



Types of NoiseTypes of NoiseTypes of Noise

� Thermal noise
� Responsible for variation in background

� Eddy currents, scanner heating

� Power fluctuations
� Typically caused by scanner problems

� Variation in subject cognition
� Timing of processes

� Head motion effects

� Physiological changes

� Differences across brain regions
� Functional differences

� Large vessel effects

� Artifact-induced problems

�� Thermal noiseThermal noise

�� Responsible for variation in backgroundResponsible for variation in background

�� Eddy currents, scanner heatingEddy currents, scanner heating

�� Power fluctuationsPower fluctuations

�� Typically caused by scanner problemsTypically caused by scanner problems

�� Variation in subject cognitionVariation in subject cognition

�� Timing of processesTiming of processes

�� Head motion effectsHead motion effects

�� Physiological changesPhysiological changes

�� Differences across brain regionsDifferences across brain regions
�� Functional differencesFunctional differences

�� Large vessel effectsLarge vessel effects

�� ArtifactArtifact--induced problemsinduced problems



Variability in Subject Behavior: IssuesVariability in Subject Behavior: IssuesVariability in Subject Behavior: Issues

� Cognitive processes are not static

� May take time to engage

� Often variable across trials

� Subjects� attention/arousal wax and wane

� Subjects adopt different strategies

� Feedback- or sequence-based

� Problem-solving methods

� Subjects engage in non-task cognition

� Non-task periods do not have the absence of thinking

�� Cognitive processes are not staticCognitive processes are not static

�� May take time to engageMay take time to engage

�� Often variable across trialsOften variable across trials

�� Subjects� attention/arousal wax and waneSubjects� attention/arousal wax and wane

�� Subjects adopt different strategiesSubjects adopt different strategies

�� FeedbackFeedback-- or sequenceor sequence--basedbased

�� ProblemProblem--solving methodssolving methods

�� Subjects engage in nonSubjects engage in non--task cognitiontask cognition

�� NonNon--task periods do not have the absence of thinkingtask periods do not have the absence of thinking

What can we do about these problems?



Trial AveragingTrial AveragingTrial Averaging

� Static signal, variable noise

� Assumes that the MR data recorded on each trial are 

composed of a signal + (random) noise

� Effects of averaging

� Signal is present on every trial, so it remains constant

through averaging

� Noise randomly varies across trials, so it decreases with 

averaging

� Thus, SNR increases with averaging

�� Static signal, variable noiseStatic signal, variable noise

�� Assumes that the MR data recorded on each trial are Assumes that the MR data recorded on each trial are 

composed of a signal + (random) noisecomposed of a signal + (random) noise

�� Effects of averagingEffects of averaging

�� SignalSignal is present on every trial, so it remains is present on every trial, so it remains constantconstant

through averagingthrough averaging

�� NoiseNoise randomly varies across trials, so it randomly varies across trials, so it decreasesdecreases with with 

averagingaveraging

�� Thus, Thus, SNR increasesSNR increases with averagingwith averaging



-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

1.2

1.4

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

-1.5

-1

-0.5

0

0.5

1

1.5

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

-1

-0.5

0

0.5

1

1.5

2

2.5

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

-1.5

-1

-0.5

0

0.5

1

1.5

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

-1.5

-1

-0.5

0

0.5

1

1.5

2

-5 -4 -3 -2 -1 0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Average of 16 trials 
with SNR = 0.6
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Fundamental Rule of SNRFundamental Rule of SNRFundamental Rule of SNR

For Gaussian noise, experimental power increases 

with the square root of the number of observations

For Gaussian noise, experimental power increases For Gaussian noise, experimental power increases 

with the square root of the number of observationswith the square root of the number of observations



Úvod

Motivace a historie
Anatomie
Modality pro funkčńı zobrazováńı
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The Estimation:

Finding the �best� parameter values

The Estimation:The Estimation:

Finding the �best� parameter valuesFinding the �best� parameter values

§ �1· + �2· + �3·

� The estimation entails finding the parameter values such that the linear 

combination �best� fits the data.

�� The estimation entails finding the parameter values such that thThe estimation entails finding the parameter values such that the linear e linear 

combination �best� fits the data.combination �best� fits the data.
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The Estimation:

Finding the �best� parameter values

The Estimation:The Estimation:

Finding the �best� parameter valuesFinding the �best� parameter values

§ �1· + �2· + �3·

� And the nice thing is that the same model fits all the time-series, only 

with different parameters.

�� And the nice thing is that the same model fits all the timeAnd the nice thing is that the same model fits all the time--series, only series, only 

with different parameters.with different parameters.
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The Estimation:
The format of data, model and parameters

The Estimation:The Estimation:
The format of data, model and parametersThe format of data, model and parameters

� Same model for all voxels.

� Different parameters for each voxel.

�� Same model for all voxels.Same model for all voxels.

�� Different parameters for each voxel.Different parameters for each voxel.

»
»
»

¼

º

«
«
«

¬

ª

 

98.2

16.0

83.0

�

»
»
»

¼

º

«
«
«

¬

ª

 

04.2

06.0

03.0

�

»
»
»

¼

º

«
«
«

¬

ª

 

17.2

82.0

68.0

�

beta_0001.img

beta_0002.img

beta_0003.img...

...

Tim
e-

se
rie

s



Model revisited � againModel revisited Model revisited �� againagain

§
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§

Remember?

Now, what�s that 

all about?
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E
E
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= +

y = X�+e

e ~ N(0,12I)

Observed Known Unknown

We need a model for the error!



Least squares fit

Model
yi = Xβi + ei with noise ei = N (0, Iσ2e )

For each pixel i , calculate the ML estimate

β̂i = arg min
βi

‖ei‖2 where residual ei = Xβi − yi

β̂i = X †yi = (XTX )−1XTyi



Least squares fit

Model
yi = Xβi + ei with noise ei = N (0, Iσ2e )

For each pixel i , calculate the ML estimate

β̂i = arg min
βi

‖ei‖2 where residual ei = Xβi − yi

β̂i = X †yi = (XTX )−1XTyi

Scalar contrast (or effect)

zi = cTβi

pick the coefficient of interest corresponding to the desired activity.



Least squares fit

Model
yi = Xβi + ei with noise ei = N (0, Iσ2e )

For each pixel i , calculate the ML estimate

β̂i = arg min
βi

‖ei‖2 where residual ei = Xβi − yi

β̂i = X †yi = (XTX )−1XTyi

Scalar contrast (or effect)

zi = cTβi

pick the coefficient of interest corresponding to the desired activity.
Variance

σ2z = Var
(
zi
)

= σ2ecT(XTX )−1c
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But why do we need the error?But why do we need the error?

Would you trust these?Would you trust these?

�1=1

1=0.2

n=60

�1=1

1=0.5

n=60

�1=0.3

1=0.2

n=60

�1=1

1=0.2

n=15



tt--testtest

� We trust: Long series with large effects and small 

error.

�� We trust: We trust: LongLong series with series with large effectslarge effects and and small small 

errorerror..
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Asking questions of your data

t-contrasts

Asking questions of your dataAsking questions of your data

tt--contrastscontrasts
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� Can we find voxels that are active in 

word-generation taks?

�� Can we find voxels that are active in Can we find voxels that are active in 

wordword--generation taks?generation taks?
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Inference at a single voxelInference at a single Inference at a single voxelvoxel

−6 −4 −2 0 2 4 6
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4

D = p(t>u|H)

NULL hypothesis, H: activation is zero

u=2

t-distribution

p-value: probability of getting 

a value of t at least as extreme 

as u. If D is small we reject the 

null hypothesis.

u=(effect size)/std(effect size)



I�m sorry, can you pose that question differently?

F-contrasts

I�m sorry, can you pose that question differently?I�m sorry, can you pose that question differently?

FF--contrastscontrasts
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Tests multiple linear hypotheses : Does X1 model anything ?

FF--test (SPM{test (SPM{FF}) : a reduced model or ...}) : a reduced model or ...

X1X0

This (full) model ? 

H0: True (reduced) model is X0

S2

Or this one? 

X0

S0
2 F = 

error

variance

estimate

additional

variance

accounted for

by tested effects

F ~  ( S0
2 - S2 ) / S2 



Temporal series

fMRI

Statistical image

(SPM)

voxel time course

One One voxelvoxel = One test (t, F, ...)= One test (t, F, ...)
amplitude

tim
e

General Linear Model
Âfitting

Âstatistical image



Add more reference functions ...Add more reference functions ...Add more reference functions ...

Discrete cosine transform basis functionsDiscrete cosine transform basis functions
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1 0 11 0 1

0 1 1 0 1 1 

1 0 11 0 1

0 1 10 1 1

X =X =

MeanMeanCondCond 11 CondCond 22

Y = Y = Xb Xb + e + e 

C1C1

C2C2

Mean = C1+C2Mean = C1+C2

^̂̂E�"E�"E�" �completely� correlated ... �completely� correlated ... �completely� correlated ... 

Parameters are not unique in general ! Some contrasts have no meaning: NON ESTIMABLE



Bonferroni correction



Inference for ImagesInference for ImagesInference for Images

Signal

Signal+Noise

Noise



����� ����� ����� ����� ����� ����� ����� ����� ����� ����

Use of �uncorrected� p-value, D=0.1

3HUFHQWDJH�RI�1XOO�3L[HOV�WKDW�DUH�)DOVH�3RVLWLYHV

Using an �uncorrected� p-value of 0.1 will lead us to conclude on average that 10% of 

voxels are active when they are not.

This is clearly undesirable. To correct for this we can define a null hypothesis for 

images of statistics.



Family-wise Null HypothesisFamilyFamily--wise Null Hypothesiswise Null Hypothesis

FAMILY-WISE NULL HYPOTHESIS:

Activation is zero everywhere

If we reject a voxel null hypothesis

at any voxel, we reject the family-wise

Null hypothesis 

A FP anywhere in the image

gives a Family Wise Error (FWE)

Family-Wise Error (FWE) rate = �corrected� p-value



Use of �uncorrected� p-value, D=0.1

):(

Use of �corrected� p-value, D=0.1



The Bonferroni correctionThe The BonferroniBonferroni correctioncorrection

The FamilyThe Family--Wise Error rate (FWE), Wise Error rate (FWE), DD,, for a family of N a family of N independentindependent

voxelsvoxels isis

.. = = NvNv

where v is the voxel-wise error rate. Therefore, to ensure a particular 

FWE set

v = . / N

BUT ...



The Bonferroni correctionThe The BonferroniBonferroni correctioncorrection
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Bonferroni is too conservative for brain images



Applied SmoothingApplied SmoothingApplied Smoothing

Smoothness

smoothness » voxel size

practically

FWHM t 3 u VoxDim

Typical applied smoothing:

Single Subj fMRI: 6mm

PET: 12mm

Multi Subj fMRI: 8-12mm

PET: 16mm 

SmoothnessSmoothness

smoothness » smoothness » voxelvoxel sizesize

practicallypractically

FWHMFWHM tt 3 3 uu VoxDimVoxDim

Typical applied smoothing:Typical applied smoothing:

Single Single SubjSubj fMRIfMRI: 6mm: 6mm

PET: 12mmPET: 12mm

Multi Multi SubjSubj fMRIfMRI: 8: 8--12mm12mm

PET: 16mm PET: 16mm 
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Lineárńı model
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fMRI Design TypesfMRI Design TypesfMRI Design Types

1) Blocked Designs

2) Event-Related Designs

a) Periodic Single Trial

b) Jittered Single Trial

c) Staggered or Interleaved Single Trial

3) Mixed Designs

a) Combination blocked/event-related

b) Variable stimulus probability

1)1) Blocked DesignsBlocked Designs

2)2) EventEvent--Related DesignsRelated Designs

a)a) Periodic Single TrialPeriodic Single Trial

b)b) Jittered Single TrialJittered Single Trial

c)c) Staggered or Interleaved Single TrialStaggered or Interleaved Single Trial

3)3) Mixed DesignsMixed Designs

a)a) Combination blocked/eventCombination blocked/event--relatedrelated

b)b) Variable stimulus probabilityVariable stimulus probability



What are Blocked Designs?What are Blocked Designs?What are Blocked Designs?

� Blocked designs segregate different cognitive 

processes into distinct time periods

�� Blocked designs segregate different cognitive Blocked designs segregate different cognitive 

processes into distinct time periodsprocesses into distinct time periods

Task A Task B Task A Task B Task A Task B Task A Task B

Task A Task BREST REST Task A Task BREST REST



Refractory PeriodsRefractory PeriodsRefractory Periods

� Definition: a change in the responsiveness to an 

event based upon the presence or absence of a 

similar preceding event

� Neuronal refractory period

� Vascular refractory period

�� Definition: a change in the responsiveness to an Definition: a change in the responsiveness to an 

event based upon the presence or absence of a event based upon the presence or absence of a 

similar preceding eventsimilar preceding event

�� Neuronal refractory periodNeuronal refractory period

�� Vascular refractory periodVascular refractory period



Limitations of Blocked DesignsLimitations of Blocked DesignsLimitations of Blocked Designs

� Very sensitive to signal drift 

� Sensitive to head motion, especially when only a few blocks 
are used.

� Poor choice of baseline may preclude meaningful 
conclusions

� Many tasks cannot be conducted repeatedly

� Difficult to estimate the HDR

�� Very sensitive to signal drift Very sensitive to signal drift 

�� Sensitive to head motion, especially when only a few blocks Sensitive to head motion, especially when only a few blocks 
are used.are used.

�� Poor choice of baseline may preclude meaningful Poor choice of baseline may preclude meaningful 
conclusionsconclusions

�� Many tasks cannot be conducted repeatedlyMany tasks cannot be conducted repeatedly

�� Difficult to estimate the HDRDifficult to estimate the HDR



What are Event-Related Designs?What are EventWhat are Event--Related Designs?Related Designs?

� Event-related designs associate brain processes with 

discrete events, which may occur at any point in the 

scanning session. 

�� EventEvent--related designs associate brain processes with related designs associate brain processes with 

discrete events, which may occur at any point in the discrete events, which may occur at any point in the 

scanning session. scanning session. 



2a. Periodic Single Trial Designs2a. Periodic Single Trial Designs2a. Periodic Single Trial Designs

� Stimulus events presented infrequently with long 

interstimulus intervals

�� Stimulus events presented infrequently with long Stimulus events presented infrequently with long 

interstimulus intervalsinterstimulus intervals

500 ms 500 ms 500 ms 500 ms

18 s 18 s 18 s



Trial Spacing Effects: Periodic DesignsTrial Spacing Effects: Periodic DesignsTrial Spacing Effects: Periodic Designs

20sec

8sec 4sec

12sec



2b. Jittered Single Trial Designs2b. Jittered Single Trial Designs2b. Jittered Single Trial Designs

� Varying the timing of trials within a run

� Varying the timing of events within a trial

�� Varying the timing of trials within a runVarying the timing of trials within a run

�� Varying the timing of events within a trialVarying the timing of events within a trial



Effects of Jittering on Stimulus VarianceEffects of Jittering on Stimulus VarianceEffects of Jittering on Stimulus Variance



Limitations of Event-Related DesignsLimitations of EventLimitations of Event--Related DesignsRelated Designs

� Differential effects of interstimulus interval

� Long intervals do not optimally increase stimulus variance

� Short intervals may result in refractory effects

� Detection ability dependent on form of HDR

� Length of �event� may not be known

�� Differential effects of interstimulus intervalDifferential effects of interstimulus interval

�� Long intervals do not optimally increase stimulus varianceLong intervals do not optimally increase stimulus variance

�� Short intervals may result in refractory effectsShort intervals may result in refractory effects

�� Detection ability dependent on form of HDRDetection ability dependent on form of HDR

�� Length of �event� may not be knownLength of �event� may not be known



Buckner et al., (1996)

Word-stem completion task. Blocked design: 30s on/off. Event-
related design: 15s ISI.



3a. Combination Blocked/Event3a. Combination Blocked/Event3a. Combination Blocked/Event

� Both blocked and event-related design aspects are 

used (for different purposes)

� Blocked design is used to evaluate state-dependent effects 

� Event-related design is used to evaluate item-related 
effects

� Analyses are conducted largely independently 

between the two measures

� Cognitive processes are assumed to be independent

�� Both blocked and eventBoth blocked and event--related design aspects are related design aspects are 

used (for different purposes)used (for different purposes)

�� Blocked design is used to evaluate Blocked design is used to evaluate statestate--dependentdependent effects effects 

�� EventEvent--related design is used to evaluate related design is used to evaluate itemitem--related related 
effectseffects

�� Analyses are conducted largely independently Analyses are conducted largely independently 

between the two measuresbetween the two measures

�� Cognitive processes are assumed to be independentCognitive processes are assumed to be independent





Post-hoc sorting
Dodatečné ťŕıděńı

• Rozhodneme se až dodatečně (podle výsledku experimentu),
do které kategorie pokus zǎrad́ıme.

• Typický p̌ŕıklad: Subjekt odpověděl správně/špatně.



Post-Hoc Sorting of TrialsPostPost--Hoc Sorting of TrialsHoc Sorting of Trials

From Konishi, et al., 2000

Data from old/new episodic 
memory test.
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MRI — závěr

⊕ 3D zobrazováńı

⊕ Výborné prostorové rozlǐseńı

⊕ Neinvazivńı

⊕ Obrovská variabilita — nejuniverzálněǰśı ze zobrazovaćıch
technik

	 Cena

	 Silná (elektro)magnetická pole — opatrnost nutná

	 Nepohodĺı — hluk, st́ısněný prostor



MRI — závěr

⊕ 3D zobrazováńı

⊕ Výborné prostorové rozlǐseńı

⊕ Neinvazivńı

⊕ Obrovská variabilita — nejuniverzálněǰśı ze zobrazovaćıch
technik

	 Cena

	 Silná (elektro)magnetická pole — opatrnost nutná

	 Nepohodĺı — hluk, st́ısněný prostor



fMRI — závěr

⊕ Lze zjistit, kde mozek pracuje

⊕ In-vivo

⊕ Neinvazivńı

⊕ Relativně dobré prostorové rozlǐseńı

	 Špatné časové rozlǐseńı

	 Nutnost pr̊uměrováńı (nelze sńımat ojedinělé jevy)
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